Objective: Nonsuicidal self-injury (NSSI) has been linked to many adverse outcomes, with more frequent NSSI increasing the likelihood of impairment, severity, and more serious self-harming behavior (e.g., suicidality). Despite the determined importance of NSSI frequency in understanding the severity of one's behavior, there is still a need to identify which constructs may be influential in predicting frequency. The current study aimed to fill this gap by identifying which correlates are most important in relation to NSSI frequency through 2 exploratory data mining methods. Method: Seven hundred twelve undergraduate students with a history of NSSI completed self-report measures of NSSI behavior, suicidality, cognitiveaffective deficits, and psychopathology symptomology. Results: Both exploratory data mining methods-lasso regression and random forests-demonstrated number of NSSI methods to be the factor with the most importance in relation to lifetime NSSI frequency. Once this variable was removed, suicide plan and depressive symptomology were significant correlates across methods. Conclusions: The current findings support the literature concerning the relationship between NSSI frequency and NSSI methods but also implicate suicide plans, an often-overlooked factor, and depression in NSSI severity.
NSSI (Andover & Gibb, 2010) . As such, NSSI frequency has been identified as one of the primary indicators of NSSI severity (Paul, Tsypes, Eidlitz, Ernhout, & Whitlock, 2015) . For example, NSSI frequency is the first criterion to be met for an individual to be diagnosed with NSSI disorder (American Psychological Association, 2013) . Despite the importance of NSSI frequency in understanding the severity of one's self-injurious behavior, there is still a need to identify which constructs may be influential in predicting such frequency. Several studies have aimed to prospectively predict NSSI frequency in general and high-risk samples. They found that in addition to previous suicidal and nonsuicidal self-injury (Anestis et al., 2012; Franklin, Puzia, Lee, & Prinstein, 2014) , depressive symptoms (Lundh, Bjärehed, & Wångby-Lundh, 2013; Marshall, Tilton-Weaver, & Stattin, 2013; Prinstein et al., 2010) and negative affect (Selby, Franklin, Carson-Wong, & Rizvi, 2013) predicted NSSI over time. Extending findings to external factors, NSSI among friends (Prinstein et al., 2010) and childhood abuse and neglect (Van der Kolk, Perry, & Herman, 1991) also predicted NSSI over time. However, conclusions of a recent metaanalysis found that prediction of NSSI (including NSSI frequency) is generally weak (Fox et al., 2015) , which highlights the need to better understand what risk factors are important in NSSI frequency. One potential limitation in predicting NSSI frequency is that although a variety of risk factors have been identified, there has been little overlap of risk factors across prospective studies.
Given the time and resource-intensive nature of prospective studies of NSSI frequency, researchers may benefit from drawing upon cross-sectional findings to identify potential key constructs to include in prospective models. For example, several studies have found number of NSSI methods to be associated with NSSI frequency (Ammerman, Burke, Alloy, & McCloskey, 2016; Anestis, Khazem, & Law, 2015; Glenn & Klonsky, 2011; Turner, Layden, Butler, & Chapman, 2013) . Furthermore, more frequent NSSI is related to greater suicidal thoughts and behavior (Andover & Gibb, 2010; Brunner et al., 2007; Prinstein et al., 2008) and greater levels of psychopathology symptomology (Andover & Gibb, 2010; Hasking et al., 2008; Hawton, Kingsbury, Steinhardt, James, & Fagg, 1999) . Other studies have implicated cognitive and emotional factors in lifetime NSSI frequency-factors such as being self-critical, which has the tendency to dampen positive affect (Burke et al., 2015) ; engaging in NSSI for intrapersonal reasons (e.g., emotion regulation; Saraff & Pepper, 2014; Saraff, Trujillo, & Pepper, 2015) ; and reporting greater emotion dysregulation (Adrian, Zeman, Erdley, Lisa, & Sim, 2011) . Similar to prospective studies, however, previous cross-sectional studies have been hampered by their inability to consider multiple variables across important categories of risk simultaneously, limiting conclusions as to which may be most important to include in studies of NSSI frequency.
Current Study
The current study aimed to identify which risk factors are important to consider in relation to NSSI frequency by simultaneously examining relationships with multiple risk constructs through the use of two exploratory data mining (McArdle & Ritschard, 2013) methods: lasso regression (Tibshirani, 1996) and random forests (Breiman, 2001 ). Both methods offer procedures for selecting only the important predictors (correlates) in a model, one assuming a linear model between predictors and outcome (lasso regression) and the other allowing for a nonlinear relationship as well as interactions between predictors and outcomes in the model (random forests). The utilization of these two methods allowed us to validate our conclusions across vastly different models, thus increasing our confidence in the findings. The following identified risk factors of NSSI were included in both the lasso regression and random forest models: NSSI characteristics (i.e., number of methods, time from urge to action, influence of substances, and subjective pain), suicidality (i.e., threats, ideation, plan, attempts), psychopathology symptomology (i.e., depression, anxiety, alcohol use, and borderline personality features), and cognitive-affective deficits (i.e., emotion dysregulation, affect lability, emotion reactivity, and impulsivity). Given the exploratory nature of the data analytic techniques used and the inclusive nature of identified risk factors in the models, no hypotheses were made.
Method

Participants and Procedures
Participants were 712 undergraduate students from a large urban university. All participants endorsed having engaged in at least one act of NSSI throughout their lifetime. Participants (68% female) were ages 17-42 (M ϭ 20.69, SD ϭ 2.94). The majority of participants identified as Caucasian (64%), followed by Asian (14%), African American (9%), Biracial (6%), and "Other" (5%), and 2% preferred not to answer. Participants reported engaging in the following NSSI methods: cutting (50.1%), banging the head to cause severe pain or bruising (33.2%), pinching the self to cause bruising (23.5%), scratching or rubbing the skin to cause severe pain or draw blood (19.1%), burning (17.3%), hitting or punching the self to cause bruising (16.4%), swallowing a dangerous substance to feel sick (15.4%), carving (12.2%), pulling the hair (11.0%), poking the self with a sharp object (8.3%), inserting objects under the skin (.4%), and other forms of NSSI (e.g., choking the self, belting the skin; 7.8%). Participants completed a series of self-report measures as part of a larger study on aggression and self-aggression on a secure website. The larger study included approximately 30 measures; however, only those examining NSSI or supported by previous research as relevant to NSSI (10) were included in the current analyses. All participants provided informed consent, completed the same study procedures, and received course credit for their participation. The university Institutional Review Board approved all procedures.
Measures
Nonsuicidal self-injury. The Form and Function of SelfInjury (FAFSI; Jenkins, Connor, & Alloy, 2011 ) is a self-report measure that inquires about different forms and associated characteristics of NSSI. Participants were asked, "Have you ever, intentionally or on purpose, hurt yourself in the following ways, without the intention of killing yourself?" The FAFSI was used to assess number of lifetime NSSI acts, number of lifetime NSSI methods, how much time passes from urge to engage in NSSI to action on a 6-point scale (1 ϭ less than 10 min, 2 ϭ less than 1 hour, 3 ϭ 1-3 hours, 4 ϭ 3-12 hours, 5 ϭ 12-24 hours, 6 ϭ more than 1 day), how often NSSI is engaged in under the influence of This document is copyrighted by the American Psychological Association or one of its allied publishers.
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substances on a 5-point scale (1 ϭ never, 2 ϭ a few times, 3 ϭ often, 4 ϭ most of the time, 5 ϭ always), and how much pain is experienced during NSSI on a 4-point scale (1 ϭ no pain, 2 ϭ a little pain, 3 ϭ moderate pain, 4 ϭ severe pain). The internal consistency of the measure has been found to be strong (Jenkins et al., 2011) . Suicidality. The Suicidal Behavior Questionnaire-Revised (SBQ-R; Osman et al., 2001 ) is a self-report assessing dimensions of suicidality. The current study utilized only two items: one assessing suicide threats (e.g., "told someone you were going to kill yourself") and one assessing lifetime ideation-attempt. The item assessing lifetime ideation-attempt was utilized to create a separate item for each of the following three issues, each coded dichotomously (1 ϭ present, 0 ϭ absent): lifetime suicidal ideation, suicide plan, and suicide attempt. Internal consistency of the full scale has been found to be strong in previous studies (e.g., Osman et al., 2001 (Meyer, Miller, Metzger, & Borkovec, 1990 ) is a 16-item selfreport measure assessing the tendency to engage in excessive, uncontrollable, and generalized worry. The questionnaire has demonstrated excellent internal consistency, test-retest reliability, and validity (Brown, Antony, & Barlow, 1992; Meyer et al., 1990) ; current study ␣ ϭ .93 The Alcohol Use Disorders Identification Test (AUDIT; Saunders, Aasland, Babor, de la Fuente, & Grant, 1993 ) is a 10-item self-report measure utilized to examine alcohol use, including the domains of alcohol consumption, drinking behavior, and alcohol-related problems. The psychometrics of the measure have been supported (Bohn, Babor, & Kranzler, 1995; Saunders et al., 1993) ; current study ␣ ϭ .87. The McLean Screening Instrument for Borderline Personality Disorder (MSI-BPD; Zanarini et al., 2003 ) is a 10-item self-report measure of BPD features and was used to assess BPD symptoms. For the current study, the item that assessed selfinjurious behavior (e.g., NSSI, suicidal behavior) was removed from the total score to prevent overlap with the outcome variable. Previous studies found high convergent and concurrent validity for the MSI-BPD (Gardner & Qualter, 2009) , including high concordance with a structured interview (Sanislow, Grilo, & McGlashan, 2000) ; current study ␣ ϭ .79.
Cognitive affective deficits. The Difficulties in Emotion Regulation Scale (DERS; Gratz & Roemer, 2004 ) is a 36-item selfreport measure assessing six areas of emotion dysregulation: nonacceptance of negative emotions, inability to engage in goaldirected behaviors, difficulties controlling impulsive behaviors, limited access to emotion regulation strategies, lack of emotional awareness, and lack of emotional clarity. The DERS internal consistency, retest reliability, and construct and predictive validity have been found to be strong (Gratz & Roemer, 2004) ; current study ␣s ϭ .81-.92. The Affect Lability Scale-Short Form (Harvey, Greenberg, & Serper, 1989; Oliver & Simons, 2004 ) is an 18-item self-report measure that assessed the degree to which participants experience moods rapidly shifting between depressiveeuthymic states, depressive-anxious states, and anger states. In the current study, we used the three-factor model, which has been psychometrically supported and shown to be an adequate measure of overall affective lability (Oliver & Simons, 2004) ; current study ␣s ϭ .79 -.89. The Emotion Reactivity Scale (ERS; Nock et al., 2008 ) is a 21-item self-report measure that assesses emotion reactivity, including sensitivity, intensity, and duration of emotions. The ERS has shown strong internal consistency and convergent validity ; current study ␣ ϭ .95. The UPPS-P Impulsive Behavior Scale (Whiteside & Lynam, 2001 ) is a 45-item selfreport measure used to assess the five dimensions of impulsivity: (lack of) premeditation, negative urgency, perseverance, sensation seeking, and positive urgency. The measures' internal consistency (Whiteside & Lynam, 2001 ) and construct validity (Whiteside, Lynam, Miller, & Reynolds, 2005) has been supported; current study ␣s ϭ .81-.95.
Data Analysis
Prior to running preliminary analyses, we checked all data for validity. Because all procedures were completed online, validity items (e.g., "select 3 for this item") were included throughout all measures, and only those participants who responded appropriately to over 70% of the validity items were included in the analyses. Only individuals with complete cases were included in the current analyses. Lifetime NSSI frequency values ranged from 1 to 10,000 acts (M ϭ 116.20, SD ϭ 786.53; Mdn ϭ 8.00). The variable was windsorized based on the 95th percentile (202 acts); however, the resulting distribution was nonnormal (skewness ϭ 2.38; kurtosis ϭ 4.65). Consequently, lifetime NSSI frequency was logtransformed before running all analyses (resulting in skewness ϭ .34; kurtosis ϭ 2.25).
Lasso regression. Given the shortcomings of stepwise procedures (e.g., Harrell, 2001) , we looked for methods beyond either backward or forward stepwise selection. The selected alternative procedure is based on work by Lockhart, Taylor, Tibshirani, and Tibshirani (2014) , which extends p values to lasso regression (Tibshirani, 1996) . Lasso regression can be seen as an extension of linear regression but instead with a penalty added to induce sparsity or more beta coefficients set to zero than would be done with linear regression (for an overview of the utilization of lasso regression in psychological research see McNeish, 2015) .
The Lockhart et al. (2014) procedure builds on one method for computing the entire lasso path, across all penalty values. This computational procedure is called least angle regression (LARS; Efron, Hastie, Johnstone, & Tibshirani, 2004) , of which lasso regression can be seen as a subset. LARS is computationally very similar to stepwise regression; however, the main distinction lies in that whereas stepwise fully enters predictors one at a time, LARS enters predictors one at a time based on their correlation with the residuals and the beta coefficient of each predictor's being restricted to some degree. Along the path of the computation, once a predictor enters the model, the beta coefficient is gradually increased until an additional predictor has a magnitude of correlation that is equal to that of the residual. This procedure has been found to be a computationally simple approach to computing the entire lasso regression solution. Lockhart et al. (2014) also developed a procedure for computing p values based on the LARS results, which attempts to derive a This document is copyrighted by the American Psychological Association or one of its allied publishers.
This article is intended solely for the personal use of the individual user and is not to be disseminated broadly. (Lockhart, Taylor, Tibshirani, & Tibshirani, 2013) ; as such, this latter procedure was utilized in the current analysis. Random forests. Because we did not want to limit our hypothesized relationships between predictors and outcome to be solely linear in form, and because we wished to validate our findings across methods, random forests was also utilized. Decision trees (DTs) are one of the more popular methods that fall under the umbrella of exploratory data mining, and they form the basis for a number of more flexible and advanced methods, including random forests. DTs can be thought of as simple nonparametric regression models for use with both continuous and categorical outcomes. A number of limitations have been discussed regarding DTs, including bias in variable selection and parameter instability (e.g., Berk, 2008; Hastie, Tibshirani, & Friedman, 2009 ). Such limitations, particularly the problem of parameter instability given random fluctuations in sampling variability, led to the development of numerous solutions, including random forests (Breiman, 2001) . Simply stated, random forests creates a large number of individual DTs (e.g., 100) using a bootstrap (or subset) of the sample and a subset of the predictors to create each tree. After all the trees are created, predictions are made by aggregating predictions across the individual trees, known as bootstrap aggregating (bagging; Breiman, 1996) . Random forests are able to capture highly nonlinear relationships while allowing for main effects and interactions between predictors. However, this increase in predictive power comes at the expense of interpretability; a single tree is no longer available. Instead the influence of each predictor (variable importance) is measured by taking the average decrease in fit as a result of that predictor's inclusion in each individual tree. To quantify the resultant trees, one creates relative variable importance plots. This captures both the frequency and improvement in prediction quality as a result of including that predictor across all trees created. The values are scaled relative to the most important predictor, given a value of 100. The caret package (Kuhn, 2008) in R was used as a wrapper around the randomForest (Liaw & Wiener, 2002) package to facilitate testing model fit on bootstrap samples. Note that in contrast to the Lockhart et al. (2014) procedure for lasso regression, bootstrap sampling (or cross-validation) is necessary to prevent overfitting in random forests.
Given initial findings from both the lasso regression and random forests models, where one variable accounted for a large amount of variance, or produced a high importance, we reran each with that variable removed, allowing us to consider the secondary influence of the other included risk factors (analysis scripts to run both lasso regression and random forests are available at the second author's website 1 ).
Results
Preliminary Results
For correlations among study variables, see Table 1 . For study variable means and standard deviations, see Table 2 .
Lasso Regression Results
Before using lasso regression, we ran traditional linear regression using all 27 predictors. The model explained a significant 1 https://rjacobucci.com/ This document is copyrighted by the American Psychological Association or one of its allied publishers. This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.
proportion of variance in lifetime NSSI frequency (R 2 ϭ .48), F(27, 685) ϭ 23.29, p Ͻ .001. To derive a more optimal subset of predictors, with the additional goal of creating a model that would better generalize to future studies, we used both the lars and covTest package in R to run lasso regression and the Lockhart et al. (2014) procedure with all 27 predictors. In calculating p values for the inclusion of predictors (which accounted for the adaptive nature of the algorithm), we found that only one predictor, number of NSSI methods, achieved a value less than .05. When we reran the linear regression with only this predictor, R 2 decreased only from .48 to .41 (see Table 3 ).
To ascertain what the effect of variables other than number of NSSI methods, we reran the lasso regression model removing this variable. In this model, the only significant predictors were having a suicide plan, depression symptomology, subjective pain during NSSI, and the emotion dysregulation facet of emotional clarity. When we included only the significant predictors, this model achieved an R 2 of .18 (see Table 4 ). Note that in comparison to the random forests results reported in the next section, these R 2 values are using the same sample the model was fit on, and thus they represent optimistic assessments.
Random Forests Results
For the random forests models, we used three different values of the tuning parameter (e.g., the number of variables to enter the model to create each of the 500 trees). When we used 25 bootstrapped samples to judge the performance of each of these three random forests models, the final (e.g., best fitting) model used 14 variables to create each of 500 trees and achieved a bootstrapped R 2 of .46 2 (the relative variable importance values from this model are depicted in Figure 1 ). Similar to the case with the lasso regression results, the number of NSSI methods demonstrated greatest influence of all other variables. Therefore, we reran the random forests algorithm after removing the number of NSSI methods variable. The revised final model used two variables to create each of 500 trees and achieved a bootstrapped R 2 of .16 (the resultant relative importance values are plotted in Figure 2 ). Similar to the case with the second of the lasso regression models, suicide plan followed by depression produced the highest importance values.
Discussion
Despite research suggesting that increased NSSI frequency is associated with several adverse outcomes, there is a need to better understand what risk factors are influential in predicting the frequency of NSSI behavior. The current cross-sectional study aimed to inform this area of research by identifying the most important correlates of NSSI frequency for researchers to draw upon. We 2 It is important to note, however, that the R 2 values produced for the random forests models do not use the sample the model was fit on (unlike the R 2 values for the lasso regression models) but instead the bootstrapped samples, which helps prevent against overfitting. As such, the R 2 values for the lasso regression and random forest models should not be directly compared. Note. NSSI ϭ nonsuicidal self-injury; DERS ϭ Difficulties in Emotion Regulation Scale; PD ϭ personality disorder. Note. DERS ϭ Difficulties in Emotion Regulation Scale; NSSI ϭ nonsuicidal self-injury; PD ϭ personality disorder.
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used two distinctly different data-mining methods-lasso regression and random forests-to overcome the limitations associated with traditional subset selection. Lasso regression presumes linear relationships between a subset of nonzero predictors and the outcome, and random forests, on the other hand, captures highly nonlinear relationships while allowing for main effects and interactions between predictors. Further, to address the propensity for exploratory data mining methods to overfit the data set (i.e., capitalize on chance relationships), we used both a method derived for lasso regression that accounts for the adaptive nature of the algorithm and bootstrap sampling for random forests. The use of these two methods (which are on opposite ends of the flexibility spectrum) allowed us to provide a more holistic picture of our findings. The number of NSSI methods emerged as the strongest correlate of lifetime NSSI frequency in both exploratory data mining methods utilized: lasso regression and random forests. This finding is in line with results of past research demonstrating significant associations between NSSI frequency and number of methods (Ammerman et al., 2016; Anestis, Khazem, & Law, 2015; Glenn & Klonsky, 2011) and extends such findings to suggest that number of NSSI methods may be the most important contributing factor (of those measured) to the number of overall NSSI acts. It may be that engaging in a greater number of NSSI methods may lead to increased exposure of differing types of painful experiences and ultimately a greater willingness to inflict self-injury, a hypothesis partially supported by research finding that the association between NSSI frequency and suicidal behavior is strengthened by an increased number of NSSI methods (Anestis et al., 2015) . However, one must also consider the potential construct overlap between the number of NSSI methods and NSSI frequency. For example, as individuals experiment with multiple NSSI methods, they are more likely to engage in a greater frequency of NSSI acts simply as a consequence of trying each new method. Despite the overlap between these constructs, within the current study the correlation between these variables is r ϭ .55, suggesting they may be considered as independent constructs. To illustrate this point, in the current sample, among those reporting the use of only one NSSI method, there was significant variability in NSSI frequency (range ϭ 1-202). Overall, findings suggest that a meaningful percentage of variance in NSSI frequency can be accounted for the number of NSSI methods, highlighting the potential importance of number of methods as a risk factor in NSSI severity.
Given the importance of the number of NSSI methods in the relationship to NSSI frequency, the two models were also examined without this variable. Secondary to number of NSSI methods, the presence of a suicide plan was identified as the next most influential correlate of lifetime NSSI frequency. Although research This document is copyrighted by the American Psychological Association or one of its allied publishers.
has found the presence of a suicide plan to be associated with risk factors similar to those for NSSI (e.g., Nock, Joiner, Gordon, Lloyd-Richardson, & Prinstein, 2006; Wedig & Nock, 2007) , little research has examined the direct association between NSSI and suicide plans. For example, research has found that individuals who report having a suicide plan endorse such thoughts or preparations as serving an automatic negative reinforcement function and as being precipitated by negative emotional states, family factors, and problems with friends, which is consistent with reports from those who engage in NSSI (Nock, Holmberg, Photos, & Michel, 2007) . As such, it is possible that NSSI may serve as a behavioral expression of the negative affective experience among those with a suicide plan who do not have the required desire or capability to carry out their suicide plan (Thomas, 2005) . This may be a particularly important finding given that it has been traditionally atypical to collect information and explore associations with such detailed information about suicidal thoughts and behaviors Prinstein, 2008) . However, given that the temporal relationships of these variables cannot be determined, it also may be that those who engage in more severe (more frequent) NSSI may be in greater distress, thus making them more likely to go on to develop a suicide plan. Future, prospective research is needed to disentangle this relationship.
The final factor that was a consistent, strong correlate of lifetime NSSI frequency across both exploratory data mining models was depression. This finding is consistent with previous research showing the high comorbidity of NSSI with depressive symptoms and mood disorders Braga & Gonçalves, 2014; Kerr & Muehlenkamp, 2010) . The relationship between depression and NSSI frequency, as opposed to the presence of NSSI, has received relatively little attention, however. The current study contributes to this literature by suggesting that depression symptomology may contribute to not only NSSI engagement but also the frequency with which one engages in NSSI, which has implications for the risk assessment of NSSI severity.
Several variables demonstrated associations with NSSI frequency in one of the exploratory data mining methods but was not replicated across the other method. For example, emotional clarity and level of subjective pain during NSSI were significant variables in the lasso regression, whereas affect lability between anxiety and depression, borderline personality disorder symptomology, and suicidal ideation produced high importance values in random forests. Given that these methods are exploratory in nature, future research is needed to reexamine these relationships, because they may be important to consider in relation to NSSI frequency. In a related vein, it is surprising that several of the proposed risk This document is copyrighted by the American Psychological Association or one of its allied publishers.
factors, including suicidal ideation-attempts and nondepression psychopathology, were not important correlates NSSI frequency given the previous literature of the association with the presence of NSSI (Andover & Gibb, 2010; Braga & Gonçalves, 2014; Bentley et al., 2015; Kerr & Muehlenkamp, 2010; Whitlock et al., 2013) . It is possible that these factors are related to the presence of NSSI and not frequency, or severity, of the behavior. Moreover, these risk factors may not play a prominent role in NSSI frequency once considering the role of number of NSSI methods, the presence of a suicide plan, and depressive symptomology. However, as the current study is the first to examine what factors are important in NSSI frequency it will be necessary for future research to further elucidate such relationships in a longitudinal framework.
Limitations
The current findings should be viewed in the context of their limitations. For example, the cross-sectional nature of the current data prevents us from determining the temporal relationship between the identified risk factors and NSSI frequency. It is unknown if an individual engages in several NSSI methods which then leads to increased NSSI frequency, or if through increased NSSI frequency an individual experiments with multiple methods. Furthermore, the current data relied solely on self-reports. It is also important to note that the current study log-transformed the lifetime NSSI frequency variable. Although resulting in a normal distribution, this may not always be appropriate for count data (see O'Hara & Kotze, 2010) , which should be considered in future research. Future research would further benefit from diagnostic interviews about NSSI, suicidality and psychopathology to obtain a more objective measure of these risk factors. Despite these limitations, the current study is the first to consider what factors are important to consider in future research aimed at predicting NSSI frequency, a potential proxy for NSSI severity.
Research Implications
Findings from the current study highlight the need for future, prospective studies to examine the temporal nature of NSSI risk factors, specifically number of NSSI methods, presence of a suicide plan, and depression symptomology with NSSI severity. The current study provides initial findings for researchers to draw upon, however, it will be necessary to examine these variables in a longitudinal framework to understand the nuanced relationships with NSSI frequency, particularly as it relates to identifying risk factors of NSSI severity. Finally, the inclusion of diagnostic interviews would allow researchers to collect information of the timelines of psychopathology symptomology, suicidality, and NSSI characteristics to shed light on the onset and maintenance of NSSI, an area in need of further study.
Clinical and Policy Implications
The current study has important implications for the risk assessment of NSSI behavior. Findings highlight the importance of considering all NSSI characteristics, including both number of NSSI methods and NSSI frequency, when determining NSSI severity. As noted, utilizing a greater number of NSSI methods may lead to increased NSSI frequency by decreasing one's pain tolerance, placing an individual at risk for chronic, and potentially more severe, NSSI. A related issue is that a comprehensive assessment of suicidality may be important to consider in NSSI risk assessment given the current finding suggesting a strong association between the presence of a suicide plan and NSSI frequency. Finally, an individual's experience of negative affect and depressive symptomology may also be a key aspect to consider in risk assessment and, moreover, may be a particularly helpful focus of treatment for those engaging in NSSI as a way to reduce the overall experience of negative emotion, a common precipitant of NSSI (Nock, 2009 ).
